In this paper, we study the return to human capital variables for wages of workers observed i n Tunisian matched worker-firm data in 1999. We develop a new method based on multivariate analysis of firm characteristics, which allows us most of the benefits obtained by introducing firm dummies in wage equations. It also provides a human capital interpretation of the effect of these dummy variables. Moreover, in the studied data, using three firm characteristics easily collectable yields results close to those obtained by using the matched structure of the data.
INTRODUCTION

Worker or firm knowledge?
Returns to human capital and skills have always been considered dominant explanations for labour compensation. Accordingly, they have been incorporated in individual wage equations by using regressors describing schooling and the worker's experience 1 . This is particularly important for developing countries where the returns to education are expected to be higher 2 . A variety of human capital indicators have been used for this purpose, although it is fair to say the number of schooling years and number of work experience years are the most popular regressors in similar wage equations, often accompanied by their squared values.
On the other hand, it has been recognized for a long time that some skills or human capital attributed to workers are also specific to the firm in which she works. The experience accumulated within the firm may be different from experience previously obtained outside the firm. Thus, part of the return to human capital for the worker remuneration can be viewed as if it originated from the firm.
Moreover, the endogenous growth literature emphasizes the presence of technological or social externalities that generate higher returns to traditional factors, notably labour. It is likely that some of these externalities occur in the form of general knowledge that may be diffused in the economy or the considered activity sector. It is also probable that many externalities actually take place in the firm where the worker operates since that is where the technological processes are most frequently exhibited and transmitted.
Thus, the overall return to human capital explaining the remuneration of a given worker may involve personal skill characteristics and firm knowledge characteristics. It seems important to consider these two sources of returns to human capital simultaneously because education policies and policies promoting vocational training may affect the worker's and the firm's human capital environment differently. In particular, assessing 1 Mincer (1993); Card (1999) . 2 Sahn and Alderman (1988) , Hoddinott (1996) , Behrman (1999) .
policies without accounting for educational and knowledge externalities within firms may under-estimate the benefits of such policies.
Finally, distinguishing the two sources of human capital may contribute to explain the typical over-estimation of returns t o schooling in LDCs, as mentioned in Behrman (1999) , which occurs while neglecting intra-firm human capital externalities. Indeed, part of the impact of knowledge on productivities may be caused by these externalities, associated or not with specific firm processes and working rules.
Crucial data
One popular way to account for firm characteristics, including for their human capital features, is to base the econometric investigation on matched worker-firm data 3 . Mostly, dummy variables for individual firms are added as independent variables in usual wage equations. We shall avail ourselves of such data, for the first time in the Tunisia case.
We focus our investigation on Tunisian workers.
This data is particularly crucial to understand inter-firm wage differentials. The persistence of wage differentials for individuals with identical productive characteristics is an important stylized fact. Indeed, wage differentials that are not compensated by observed individual characteristics were found on numerous occasions in empirical studies, depending on their industry or firm 4 . Many models attempted to give a theoretical interpretation of these inter-industry or inter-firm wage differentials: some of them stress non-competitive wage determination 5 . Other models, within the competitive framework, emphasize the existence of compensating wages due to, for instance, differences in jobs across industries (Murphy and Topel, 1987) .
Nevertheless, data used to study inter-firm wage differentials are scarce. The Tunisian data we use provide very precise information both on employees and their firms.
3 Abowd, Kramarz and Margolis (1999) , Goux and Maurin (1999) , Abowd, Kramarz, Margolis and Troske (2000) . See for a survey. 4 Krueger and Summers (1988) , Abowd, Kramarz and Margolis (1999) and Goux and Maurin (1999) . 5 See Katz (1986) for a review of efficiency wage theories and Lindbeck and Snower (1989) for a review of the insider-outsider models.
Therefore, using these data, we examine the firm's effect on individual earnings, but also refine the fixed effect by investigating the human capital characteristics of each firm.
Policy issues
A major subject of concern in Tunisia is the poorest class of the population. The
Tunisian Governments have been successful in reducing the extent of poverty since the independence 6 . Accordingly, poverty has only slightly increased from 1990 to 1995. So the global picture is that of a stabilization of poverty, although the poor are increasingly concentrated in peri-urban areas, particularly in Tunis 7 . This is where our survey took place.
Several reforms of the labour market have been recently undertaken by the Tunisian government. First, the Labour Code was revised in 1994 and again in 1996 to clarify the conditions under which workers can be laid off and to establish guidelines for financial compensation. Second, Tunisian produc ers will face stronger competition in their export markets after the elimination of the Multi-Fiber Arrangements (MFA) scheduled to be completed by 2005. Third, the competition will be fiercer in the local market with full implementation in 2007 of the Association Agreement signed with the EU in 1995, which allows free trade provisions. It is expected that better jobs for higher skilled workers will be generated and less skilled workers will encounter greater difficulties in finding and retaining jobs 8 . The n, the situation of low-wage workers is worrying in a context of increasing liberalization, economic opening and privatization. A response to policy and structural shocks may be found in the improvement of sector productivity, which has been found in Tunisia to be connected to average skill levels 9 . The Tunisian economy ability to restructure may thus be raised: by shedding labour and changing the skill mixes of its labour forces; by encouraging firms to invest in on-the-job training; and by consolidating Tunisia's positive record in labour relations and working conditions. 6 The World Bank (2000) ; UNDP Tunis (1994). 7 Muller (2002) . 8 Measurement of unemployment in Tunisia is a difficult and contentious issue (Rama, 1998) . However, unemployment is a growing concern of the population and government. 9 Belhareth and Hergli (2000) .
As a response to these economic transformations, Tunisia started a large modernization program of the productive sector in 1996. This program assists industrial and service firms in adjusting to a free market. Part of this program is devoted to stimulating physical and non-physical firm investment. Human capital investments will play a crucial role in this modernization process.
Another question of interest dealing with economic reforms is: How does the minimum wage affect the wage distribution for low pay workers? Between 1989 and 1997 wage movements at the bottom of the pay scale were contained as real minimum wages for agriculture and industry remained relatively constant. Between 1989 and 1994 industrial minimum wages fell by 1 percent overall.
Firms may react to the imposition of a legal minimum wage by reducing non-pecuniary job attributes. Leighton and Mincer (1981) and Hashimoto (1982) suggest that, since human capital models predict workers will pay for part of any on-the-job training through reductions in wages, a binding minimum wage may reduce training opportunity.
Consequently, wage growth within the firm may be lower on jobs starting at the minimum wage, thereby making poverty worse.
Educational policies can reduce poverty by raising labour rewards for better-educated workers. In this situation, it is natural to examine the returns to education for different levels of living standards or wages. If education returns are high for the poor, fighting poverty through the development of schooling opportunities or vocational training will be adequate. On the contrary if the educational investments mostly benefit the rich, then improving the educational system may lead to higher g rowth but also to higher inequality and unchanged poverty.
Education reform is also instrumental in improving the education system responsiveness to emerging labour market demands. The Tunisian authorities are placing an increasing emphasis on vocational training, which fulfils the double objective of educating and preparing workers for a modern job market. Recently, the government has implemented a program to rehabilitate vocational training and employment (MANFORME, Mise à
Niveau de la Formation Professionnelle et de l'Emploi).
In the near future, the authorities should consider how to involve private employers in vocational training to match skills demand and supply.
What are the human capital characteristics influencing Tunisian workers' wages at different wage levels? The aim of this paper is to explore this question by first using matched worker-firm data, and second, summarizing the main characteristics of firms with a preliminary multivariate analysis. For this occasion, we show that in such a case, the lack of matched worker-firm data could be compensated by some limited information on firms that is easily collected from workers. In Section 2, we present the data. We discuss estimation results for wage equations at different wage levels in Section 3. In this section, we also push the analysis one step further by incorporating firm characteristics and interpreting firm dummy effects using a factor analysis. Finally, Section 4 concludes.
THE TUNISIAN MATCHED WORKER-FIRM DATA
The objective of our survey is to constitute a sample of matched worker-firm data. These data are directly collected at the employee's workplace 10 .
The questionnaire provides precise information about each worker: individual characteristics (matrimonial status, number of dependent children, geographic origin, father's education), wages, all the educational investments (number of years spent in primary, secondary, and high school, university or vocational school), post-school training (apprenticeships, preliminary internships, formal training within the current firm), total experience in the labour market and occupation in the current firm. Moreover, the data include characteristics of the firms in which workers evolve: organisational features, communication and training policies, innovation and competitive situations.
The workers
The 231 workers in the final sample were interviewed in February 1999. Table 6 provides some descriptive statistics about these workers, which are matched with a sample of eight firms (four firms in the textile-clothing sector and four in the Mechanics, 10 The methodology of the Tunisian survey appears in Nordman (2002) and Destré and Nordman (2002) . The definitions and the descriptive statistics of the variables are seen in Tables 6 and 7 of the Appendix.
Metallurgical, Electrical and Electronics Industries, IMMEE) 11 . We mostly comment the statistics for the full sample, while detailed statistics for each wage quartile can also be seen in the Table 5 4.1 percent of the employees work in the textile sector and 45,9 percent in IMMEE. The proportion of women in the overall sample amounts to almost half, 49.8 percent. Standard errors are given in parenthesis. P-values appear in italic. ***, ** and * mean respectively significant at the 1%, 5% and 10% levels.
Instrumented: Education QUARTILE1 QUARTILE2 QUARTILE3 Education*QUARTILE1 Education*QUARTILE2 Education*QUARTILE3 Factor1*QUARTILE1 Factor1*QUARTILE2 Factor1*QUARTILE3 Factor2*QUARTILE1 Factor2*QUARTILE2 Factor2*QUARTILE3 Factor3*QUARTILE1 Factor3*QUARTILE2 Factor3*QUARTILE3
Instruments: age, (age) 2 , apprenti, celibah, chaine, choma, (choma) 2 , choma*female, emsim, enft, (enft) 2 , log(enft), enft*age, entree, equipe, formaa, (formaa) 2 , (formaa) 3 , formaa*female, forstil*female, mari*female, mari*female, mari*male, panal, panal*age, panal*choma, panal*enft, panal*formaa, pprim, pprim*age, pprim*choma, pprim*enft, pprim*formaa, prove, psecon, psecon*age, psecon*choma, psecon*enft, psecon*formaa, psup, psup*age, psup*choma, psup*enft, psup*formaa, staga, (staga) 2 , (staga) 3 , stagan, (stagan) 2 , (stagan) 3 .
The average educational year is 9.6 over the sample when calculated from the workers' questionnaires, using the available information on the highest level of education reached by the workers. Educational years are slightly higher for men (10.6 years, standard deviation 4) than for women (8.7 years, standard deviation 3.4). For men, it corresponds to the first year of high school. In contrast, calculating it from the age at the end of school (from which we deduct 6 years), the average number of schooling years is close to 13. Finally, accounting for unsuccessful years of education 12 , we choose to use an education variable net from repeated classes. Consequently, the years of schooling include a qualitative aspect that seemed important to preserve 13 . 0.8 percent of the observed workers have never gone to school, 9.9 percent have only completed a primary level of education (1 to 5 years), 71.8 percent have obtained an educational level of 6 to 12 years (secondary school) and 17.3 percent have completed studies in higher education (university level). The proportion of employees having received a vocational diploma related to their current job amounts to 31.6 percent.
The average tenure in the current firm is 5.9 years. It amounts to 5 years for women (standard deviation 3.7), but is higher for men (6.75 years, standard deviation 7.3). The total professional experience is an average of 9.1 years. On average, men cumulate more than 10 years of experience against less than 8 years for women. Besides, the previous experience apart from the current job is an average of 3.3 years. Women average 2.8 years (standard deviation 4.3), compared to 3.6 years for men (standard deviation 5).
The ratio of tenure to the overall work experience is 64 percent. This proportion includes an important percentage of young, first-time workers. Indeed, the average age of the sample is rather small, amounting to 29.5 years and 28 and 31 years for women and men respectively.
Some wage characteristics are worth noting. The average monthly wage declared by employees is 213 US dollars 14 , while an average mo nthly wage for male workers is 1.7 times the female wage. Beyond differences in human capital endowments between sexes, the female proportion of the sample employed in the textiles, where wages are generally low, contributes to this wage differential: 94 percent of the observed women belong to the clothing sector, while male workers of this sector represent only 14 percent of all male workers. Indeed, the average monthly wage of individuals belonging to the IMMEE sector is 1.6 times higher than that of emp loyees working in the textile sector.
Educational differences should partially explain this: On average, the IMMEE workers have 10.6 years of education compared to 8.9 years for those working in textiles.
Statistics specific to each wage quartile show that workers' characteristics differ according to wage level. Lower wage workers are less educated, trained and experienced.
They are on average younger, mainly females and have suffered longer unemployment spells. These results support separate modelling of the age rates at different wage levels.
To simplify the presentation, we shall call 'the poor' the observed low wage workers, and 'the rich' the highly paid workers. Naturally, these notions of living standard level are restricted in this paper to wage wo rkers in the formal sector and are not representative of all the poor in Tunisia 15 . We now turn to the firm characteristics.
The firms
The four firms of each sector are located in the Tunis area. They are selected based on criteria of size (not less than 50 employees), activity, vocation to export and capital ownership 16 . The average size of the establishments visited is 130 employees.
Information about the firm's characteristics have been collected directly from the employers: composition of the workforce, work organization, training and communication policies, organizational or technical innovations and competitive situation of the firm. Table 7 shows descriptive statistics. Figures 1 to 4 show the histograms of initial wages and observed wages. The minimum wage are separately 15 Low (high) skilled workers do not systematically correspond to low (high) pay workers. Another approach could have been to oppose skill categories rather than wage levels. In this paper, we focus on wage categories to capture differential social consequences of training and education policies. 16 The observed firms were selected among firms exporting their production and not with entirely foreign capital.
indicated by vertical lines for 40 hours a weeks and 48 hours a week, since different minimum wages are used for the two categories. Contemporary wages are concentrated around values slightly above the minimum wage, while heavy right tails account for a small number of very skilled workers. Initial wages are also very concentrated, often below the present minimum wage. The latter feature is due to the minimum wage rise since the worker entered the firm, but also to workers paid below minimum wage. We are now ready to discuss the estimation results.
ESTIMATION RESULTS
The model and the estimation method
The matched worker-firm data enables us to estimate the returns of human capital using both workers' and on their firms' information. For this purpose, the Mincerian earnings function is a convenient tool for estimating the average returns to education and labour market experience. The return to education is given by the coefficient of schooling duration in the wage equation 17 . However, returns to human capital can vary across wage categories. For instance, high wage workers should not benefit from the same return to experience than low wage workers since the latter may have less incentives to make further on-the-job investment in human capital because they only deal with basic tasks.
Alternatively, more educated individuals -generally with higher wages -may have greater incentive to invest in training because they learn more quickly. As a result, the shape of the relationship between the workers' wage level and their returns to education and work experience (former experience plus tenure in the incumbent firm) is not clear.
In order to capture differentiated returns of education and experience between the rich and the poor, we construct four individua l dummies indicating the workers' relative position in the sample in terms of hourly wage (quartile 1 to quartile 4). These dummies (QUARTILEi, i: 1…4) are allowed to interact with the main three human capital variables in the wage equation: education, tenure and previous work experience .
As alluded in the introduction, the lack of suitable matched firm-employee data for the wage analysis has been deplored by a number of authors, such as Rosen (1986) and Willis (1986) , as such data allows the structure of wages to be modelled while controlling firm-specific effects. With our matched data, we can deal with the firm 17 Quadratic and more flexible polynomial specifications have been tried but cannot be accurately estimated with these data.
heterogeneity by introducing firm dummy variables into the wage equation. However, since we have cross-sectional data, we cannot model unobserved individual heterogeneity in the way of Abowd, Kramarz and Margolis (1999) . To temper the effects of unobserved individual heterogeneity which might bias the estimated coefficients, we add control variables to our OLS regressions and also perform instrumented regressions (2SLS).
Naturally, using firm dummies is a rough way of accounting for intra-firm human capital externalities. Meanwhile, it is possible that part of what could be interpreted as human capital externalities in the estimates is in fact a consequence of the worker selection by firms and vice versa. For example, very productive firms and workers may choose each other. In this paper, because of data limitations, we do not deal with this difficulty, and we assume that selectivity and sub-sampling effects can be neglected.
In the wage equations, we incorporate formal training received in the current firm (ongoing training and past training). In our sample, generally more educated workers receive more formal training: on average 12.2 years of schooling for workers having received formal training compared to 9.1 for the others. We do not limit our analysis to the OLS results or 2SLS estimations. Introducing dummies for quartiles in the regressors creates endogeneity problems that may be imperfectly corrected with instrumental variable methods. A way to avoid this difficulty is by using quantile regressio ns. Quantile regression and least absolute deviation estimators have recently become very popular estimation methods (Koenker and Bassett, 1978) , which have been employed for wage analyses (Buchinsky, 1998 (Buchinsky, , 2001 ). This 18 All the other socio-economic variables such as sex, matrimonial status and geographic origin are dropped from the regressions for lack of significance and to preserve degrees of freedom.
technique can be interpreted as the error distribution in the wage equation for the definition of different wage categories, instead of observed wage differentials. The popularity of these methods relies on two sets of properties. First, they provide robust estimates, particularly for misspecification errors related to non-normality and heteroscedasticity, but also for the presence of outliers, often due to data contamination.
Second, they allow the researcher to concentrate her attention on specific parts of the distribution of interest. This is the case when the distribution of interest is the conditional distribution of the dependent variable.
Moreover, focusing on the quantiles of error terms in wage equations, introduces an alternative notion of wage precariousness that can be contrasted with the quantiles of the wage distribution. One can oppose the low observed level of wages in OLS and 2SLS
estimates with the low conditional wage level in the quantile regression estimates. We choose to pursue these two approaches. We find that the residuals' quartiles from the quantile regressions are correlated to those obtained when different quartiles are used to define the quantile regression. In contrast, they are not as strongly correlated to the quartiles of the wages themselves. Thus, the low qua ntiles corresponding to the two approaches capture distinct descriptions of wage precariousness.
Finally, bootstrap confidence intervals are used for quantile regressions in order to avoid the consequences of the slow convergence of classical confidence intervals of estimates (Hahn, 1995) . Let us examine the estimates.
The wage equation estimates
Our first estimates of the equations of the logarithm of individual hourly wage are reported in Table 1 . The first two columns correspond to OLS estimates without wage quartiles as regressors. The following two columns show the results obtained when the returns to human capital can vary across wage quartiles through the inclusion of dummy variables for wage quartiles 19 .
The wage equation which incorporates firm's fixed effect is characterized by a better goodness-of-fit than the standard Mincerian wage function 20 . As noticed by , the return to schooling decreases after controlling for firms' heterogeneity with fixed effects. In OLS regressions, the marginal return to education in Tunisia is 6.9 percent with the firm's fixed effects instead of 8.6 percent without the firm dummies. To our knowledge, no comparable estimates exist on Tunisia 21 .
Columns (3) and (4) elicit returns to human capital that are significantly different across wage quartiles, without and with adding the firm's fixed effect, respectively. Table 2 summarizes the main results of all these estimators by computing the coefficients of the returns to education, to job tenure and to previous experience for each wage quartile.
Looking at OLS estimates show that the poorest workers (first quartile) have significantly higher returns to human capital than the workers belonging to the middle of the wage distribution: The returns to education amount to 4 percent, 0.3 percent and 0.2 percent for the workers belonging to the first, second and third quartiles, respectively.
However, the return to schooling of the poorest workers is significantly lower than that of the richest workers (8.7% for the fourth quartile). More generally, except for tenure, the results emphasize a U curve that describes the returns to human capital (education and experience) as a function of the wage levels (first to fourth quartile). As for tenure, its return is always significantly higher for the poorest employees than for the other categories, while the U curve corresponding to the estimates of coefficients is generally not significant.
We control for the possible endogeneity of the education variable by using two-stage least square regression (2SLS) whose estimates are shown in column (5). The set of instrument for both education and the wage quartiles is reported at the bottom of Table   1 22 . An important instrument for the worker's education level is the education level of 20 The Fisher test of the constrained model (without the firm's fixed effect) against the unconstrained model (fixed effects) shows that we cannot reject the unconstrained model at the 1 percent level. 21 See Psacharopoulos (1985 Psacharopoulos ( , 1994 Psacharopoulos ( , 2002 for surveys reporting the returns to education in numerous countries. Some of the education effect may be caused by selection. Firm dummies may help control for the selection effects, but other individual and household characteristics are missing which does not allow us to be fully protected against a selectivity bias. 22 The values of the F-statistics and R 2 in instrumental equations ensure that we are not in the weak instrument case (Abadie et al., 2002) . We attempted to instrument the experience variable as well, although this did not yield any good result since we lack additional instrumental variables to perform it in good conditions. the worker's father 23 . Note that the introduction of the dummies for wage quartiles creates an additional source of endogeneity that must be dealt with. The main results remain unchanged (Table 2) . However, the returns to human capital are refined: The average return to education decreases from 3.3% (OLS) to 2.4% (2SLS) 24 . This return falls for the poorest workers and rises for the richest. The returns to tenure and experience are also enhanced for the poorest workers.
We also investigate whether returns to human capital differ across the wage distribution by using quantile regressions. These estimates are shown in columns (6), (7) and (8) of Table 1 . We carry out quantile regressions for quantiles 0.25, 0.50 and 0.75, using the same independent variables in each case. The results confirm a presence of gaps across the quartiles in the returns to education, tenure and previous experience (Table 2 ). Both returns to tenure and experience remain higher for workers belonging to the first quartile than the second and third quartiles. This is in contrast to different findings from other countries (e.g. Portugal in Machado and Mata, 2001 ) where human capital is relatively more valued only for high paying jobs. The last quartile corresponds to the highest returns to education. However, the differences across the workers' categories are smaller than those for the OLS and 2SLS. Standard errors are given in parentheses. P-values appear in italic. ***, ** and * mean respectively significant at the 1%, 5% and 10% levels.
Instrumented: Education QUARTILE1 QUARTILE2 QUARTILE3 Education*QUARTILE1 Education*QUARTILE2 Education*QUARTILE3 Tenure*QUARTILE1 Tenure*QUARTILE2 Tenure*QUARTILE3 Experience*QUARTILE1 Experience*QUARTILE2 Experience*QUARTILE3Instruments: age, (age) 2 , apprenti, celibah, chaine, choma, (choma) 2 , choma*female, emsim, enft, (enft) 2 , log(enft), enft*age, entree, equipe, formaa, (formaa) 2 , (formaa) 3 , formaa*female, forstil*female, mari*female, mari*female, mari*male, panal, panal*age, panal*choma, panal*enft, panal*formaa, pprim, pprim*age, pprim*choma, pprim*enft, pprim*formaa, prove, psecon, psecon*age, psecon*choma, psecon*enft, psecon*formaa, psup, psup*age, psup*choma, psup*enft, psup*formaa, staga, (staga) 2 , (staga) 3 , stagan, (stagan) 2 , (stagan) 3 . The definitions of the variables and instruments appear in Table 6 . Let us now look at the other estimated coefficients. Completed formal training plays an important role in explaining wage differentials (its coefficient is always significant at a 5 percent level and p ositive). This is consistent with theories that argue that wage differentials should reflect differences in training investments. On the other hand, the negative coefficient of the ongoing formal training variable, although not always significant, is consistent with Becker's (1975) prediction that the costs of general training are shared between employers and employees (also found in Barron et al., 1998) . If this formal training is of general content, then the workers should partly compensate for it by accepting a lower wage during the training period. As shown by the estimates, they ultimately benefit from this training which provides them with a positive wage premium (from 10 percent to 30 percent increase depending on the regression) when the training is completed.
Finally, the estimates of the firm dummies' coefficients are systematically large and significant at the 1 percent level. This is in accordance with the usual persistence of wage differentials across individuals with identical productive characteristics in empirical studies 25 . Such wage differentials have been found in Tunisia in non-matched data (Abdennadher et al., 1994) . The results show that workers with comparable measured characteristics can earn very different wages because they belong to different firms. In this study, wage differentials across firms will receive further consideration in the next sub-section with an interpretation of the firm effect on individual earnings in terms of each company's organisational features.
Factor analysis of the firm's characteristics
We use a method of factor analysis, the principal component analysis, to summarize the information about the surveyed firms 26 . This method is based on the calculation of the inertia axes in a cloud of points that represents data in table format. For our purpose, the first three estimated factors concentrate most of the relevant information about the firm's characteristics. In a sense, we generalize the approach by Cardoso (1998) who regresses the firms' fixed effects on different variables. Table 3 shows the results of the principal component analysis, with the definition of the main three inertia axes (the factors), which are linear components of the firm's characteristics used for the analysis. The other factors represent a negligible amount of statistical information and are dropped from the analysis. In our basic specification without quartile dummies, OLS estimates without the firm's dummies nor factors enable us to explain 67 percent of the log-wages variance. Adding our three factors raises this proportion by 8 percent, and the firm's dummies instead by 9 percent only. The correlation coefficients of these characteristics with the first three factors are indicated for the interpretation. Clearly, the first factor corresponds to the activity sector (textile against IMMEE). The second factor describes the 'density in the firm' of the human capital characteristics. The third factor is closely associated with the firm's modern features. Table 4 indicates the correlation coefficients of the first three factors with the firm dummies on one hand, and a few education and gender characteristics of workers in the firm on the other hand. They confirm common wisdom about how the firm is characterized by each factor. Firms in the textile sector have a higher proportion of female workers and less educated or trained workers. Firms with high human capital density exhibit higher average education levels. Modern firms invest more in formal training. 
Wage equations with firm factors
The factor analysis enables us to summarize the main information on the firms' characteristics into three principal components (factors) 27 . By contrast with the firms' fixed effects introduced in the wage regressions in Table 1 , the three factors suggest qualitative characteristics of the firms. In Table 5 , we estimate the same wage equations in which the firm fixed effects are replaced by the three factors.
The first column reports the OLS estimates. The coefficient of the first factor, reflecting the industrial sector (positively correlated with the textile sector), is statistically significant at 5 percent level and has a negative sign. This is consistent with the fact that in Tunisia the textile sector is the manufacturing industry with the lowest wage. Ceteris paribus, workers belonging to this sector experience a lower wage. 27 Various studies tried to separate the external effects of the group or the sector in which the workers evolve from the purely individual effects on their earnings differentials . Mean variables were added in earnings functions, after a control for the individual characteristics, by Dickens and Katz (1987) , Krueger and Summers (1988) , Blanchflower and Oswald (1994), Chennouf, Lévy-Garboua and Montmarquette (1997) and Kölling, Schnabel and Wagner (2002) . Using factors is a further step in this direction.
The second factor has a significant positive impact on wage differentials (at 1 percent).
Since Factor 2 reflects the density of each firm's human capital, this result may suggest that the firm's human capital generates positive wage externality. A worker with a given skill would be more productive and thus, better paid in an environment highly endowed in human capital. The third factor, reflecting the firm's age and its capacity to promote innovations and new technology has no significant effect in this specification.
In the following two regressions (columns 2 and 3), we add the wage quartile dummies and allow them to interact with the three factors in order to identify if differentiated effects of factors and variables exist across wage groups. The factors' main results are also reported in Table 2 .
First, from the OLS regression, it appears that the poorest workers (first quartile) benefit from working in the textile sector unlike medium and high-wage workers. Second, the poorest workers do not seem to take advantage of the firm's human capital since they experience a negative impact on their wages from Factor 2. This result may reflect differences in bargaining power within firms across wage groups, or be associated with differences in the human capital role in the undertaken tasks across wage groups. It could also be interpreted in terms of knowledge diffusion. The transmission of knowledge might be reserved only for high wage or high skilled workers. Also, the correlation coefficient of Factor 2 with the importance of supervision is 0.98, while it is 0.96 with the managerial/staff proportion. Then the negative effect of Factor 2 on the first quartile wage may result from the fact that excessive supervision prevents development of human capital externalities because it limits individual responsibility and promotion possibilities. The richer and more qualified social categories are the ones who benefit the most from the firm's human capital density. As for Factor 3 (modernity of the firm), its impacts on wages emphasizes the same U curve as described earlier for the returns to human capital across wage groups. The poorest and richest workers benefit from an innovating environment, while workers in the middle of the wage distribution do not.
The results with 2SLS and quantile regressions show similar features for the positive effect of the second factor. However, as expected, because of the accuracy lost in the instrumentation, the coefficient of the various equations incorporating factor dummies are often non-significant with the 2SLS, particularly when factor dummies are interacted with quartile dummies. Finally, the quantile regression estimates of factor effects are different in that they are not based on many interacted effects of factors and quartiles, but only on one coefficient for each selected factor. In this case, the first factor (textile) corresponds to a significant negative effect, the second factor to a significant positive effect, while factor 3 has no significant impact. These results illustrate the differences in the two notions of wage positions, respectively based on wage quantiles or wage conditional quantiles. These two notions are associated with the factors' different impacts.
Finally, we carry out a simple regression by replacing the three factors with three of the firm's characteristics that seem to be better reflecting each of them: a dummy for the textile sector (Factor 1), the average education level in the firm (Factor 2) and the firm's age (Factor 3). Using a questionnaire addressed to workers (e.g. during an employment survey or a labor force survey), it would be easy to collect information on these three characteristics (sector, proxy of average education in this firm, age of this firm) and use them afterwards as regressors in the wage equation. We call this regression the "pseudo factor" model (PFM, column 4 of Table 5 ). The coefficients of the three selected variables are statistically significant at 1 percent and have the expected sign. It is interesting to compare the estimators obtained from this regression to those drawn from a simple Mincerian model (MM) and a firm fixed effects model (FFEM) (Columns 1 and 2
in Table 1 ). Clearly, it appears that the PFM does very well compared to the FFEM: the returns to human capital obtained from the PFM are closer to those of the FFEM than to the same returns drawn from the MM. More specifically, the PFM gives a return to education similar to that obtained by the FFEM (6.8 percent compared to 6.9 percent with the FFEM, while it amounts to 8.6 percent with the MM).
On one hand, the comparison of estimation results with the firms' fixed effects with estimation results with factor effects on the other hand is instructive. Indeed, the firms' fixed effects could be partly interpreted as resulting from unobserved human capital characteristics at the firm's level. Under such assumption, the estimation results show that in our data three of the firm's observable characteristics suffice to account for most of the impact of the firm's effects on wages. As a consequence, the technique proposed in this paper to take advantage of matched worker-firm data could also be useful for other applied research when matched worker-firm data are not available.
We obtained returns to education in the equations without the firm's characteristics that are substantially different from the returns to education in equations with the firm's fixed effects. As in Chennouf et al. (1997) for Algeria, the returns to education diminish when the firm's effects are introduced. However, this only occurs when all quarters are considered together. The results also show it is important to consider the different quartiles of the wage distribution.
Meanwhile, the returns to education obtained with the firm's fixed effects are almost indistinguishable from the returns in equations with factors, and from the returns in equations with mean education characteristics of the firms. This suggests that the firm's effects can be corrected by introducing these mean education characteristics if the main interest is to estimate returns to education.
Finally, the introduction of factors may be used to better interpret the firm dummies in equation with the firms' fixed effects. For example, the characteristics of firm number 1 (respectively firm number 6, respectively firm number 7) are very close to that of Factor 1, 'textile type industry' (respectively Factor 2, 'high qualification', respectively Factor 3, 'modern firm').
CONCLUSION
In this paper, we study the return to human capital variables for wages of workers observed in Tunisian matched worker-firm data in 1999. We also develop a new method based on multivariate analysis of firm characteristics. This method allows us most of the benefits obtained by introducing firm dummies in wage equations. It also provides a human capital interpretation of the effect of these dummy variables. Moreover, in the studied data, using three firm characteristics easily collectable (average education level of workers, sector, age of the firm) yields results close to those obtained by using the matched structure of the data.
The results show wage equations incorporating the firms' fixed effects have a better fit than the standard Mincerian wage functions. All the wage equations show large effects from the firm dummies. This is consistent with the persistence of wage differentials across individuals with identical productive characteristics.
With or without controlling for firm characteristics and for possible endogeneity of the education variable, the poorest workers (as defined in terms of wage levels or conditional wages in quantile regressions) experience greater returns to human capital than workers belonging to the middle of the wage distribution. However, the return to schooling of the poorest workers is significantly lower than that of the richest workers.
The impact of formal job training on earnings is consistent with general predictions of human capital theory: individuals are assumed to invest in training during an initial period and receive a lower wage than what they could receive elsewhere during training.
Workers may collect returns from their investment at a later period through higher marginal products and higher wages.
Using a factor analysis to summarize the information on the surveyed firm, we show the activity sector of the firm, its human capital characteristics and modern features concentrate most of the statistical information from the employer survey.
Wage regressions, including the computed factors, confirm that human capital seems to constitute a source of positive intra-firm externality on wages. A given worker would be more productive and better paid in an environment strongly endowed in human capital.
However, the poorest workers do not take advantage of the structure of human capital in the firm. Conversely, the poor benefit from working in the textile sector in terms of wages unlike the medium and highly paid workers. Finally, the poorest and richest workers benefit from an innovating environment while workers in the middle of the wage distribution do not.
An alternative interpretation is that the estimated intra-firm externality on wages partially captures the role of unobserved physical capital. Indeed, it may be that high human capital and training are correlated with high capitalistic intensity across firms. If that is the case, the impacts of human and physical firm capital on wages should be analysed jointly. This calls for accurate measurement of these two types of variables, notoriously hard to observe.
What are the policy implications? In the Tunisian context, emerging tensions in the labor market -resulting from uncertainty about job tenure and deterioration in relative wages for lower-skilled workers -will need to be closely followed through comprehensive monitoring of unemployment, skill composition and location. The role of education and formal training is central in dealing efficiently with these tensions. One of the outcomes of the estimations is that human capital investment should partly proceed through the work organization and training policy of the firm and not only stem from public education policies.
Moreover, poverty in Tunisia has been found to be more concentrated in the textile sector among manufacturing sectors. This is consistent in our data with lower wages observed in the textile sector. However, it is interesting to observe that the return to human capital is particularly high for the poorest workers in this industry. Then, this sector can play a role of skill promoter for low-skilled manpower. Once these workers in this type of industry have raised their productivity by a work period, they may be able to switch to another activity sector in search of better remunerations, although we cannot test this hypothesis with our data.
Finally, what can we expect from public policies using education as an instrument to fight poverty and inequality? The U-curve of the returns to the different human capital variables as a wage function implies that human capital accumulation is likely to help alleviate poverty but may have ambiguous effects on inequality. This makes it all the more worrying that Mesnard and Ravallion (2001) found raising inequality depletes the aggregate number of business starts-up, and therefore m ay reduce future economic growth. In these conditions, welfare public programs based on reinforcement of workers' skills and knowledge should be accompanied by monitoring benefits that every society class would receive from education and training, including that in the workplace itself.
